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A B S T R A C T   
Near infrared reflectance spectroscopy (NIRS) is routinely used for the determination of nutrient 
components of forages. However, little is known about the impact of sample preparation on the 
accuracy of the calibration to predict minerals. Three types of forages, hay (n = 117), grass (n =
109) and haylage (n = 119) were used to determine the impact of different sample preparation 
procedures: particle size (1.0 mm and 0.5 mm) and presence or absence of residual moisture 
(dried and re-dried) on resultant NIRS prediction statistics. All forages were scanned using a total 
of four combinations of sample pre-treatments (1 mm dried, 1 mm re-dried, 0.5 mm dried and 0.5 
mm re-dried). Each sample preparation combination was subjected to spectra pre-processing 
methods such as standard normal variate (SNV), detrending (DT), combination of SNV and DT 
(SNV&DT) and None (log1/R) together with mathematical treatments (1,4,4,1; 2,4,4,1; 2,6,4,1; 
3,5,5,1 and 2,4,4,2). Reduction of particle size from 1 mm to 0.5 mm slightly improved cali-
bration statistics for the prediction of macro-minerals in hay and haylage samples. However, for 
the grass samples, improved calibration statistics was observed at a particle size of 1 mm for most 
of the minerals studied. Furthermore, the removal of residual moisture through additional oven 
drying improved calibration statistics for all minerals examined in the hay, haylage and grass 
samples. These results highlight the importance of the reduction in particle sizes for the 
improvement of calibration statistics for the determination of macro-minerals. In addition, re- 
drying of samples will improve calibration statistics for macro-minerals at particle sizes of 1 
mm and/or 0.5 mm.   
1. Introduction 
Near-infrared reflectance spectroscopy (NIRS) is widely accepted as a good tool for the analysis of several chemical constituents in 
different plant species (McClure, 2003; Cozzolino et al., 2006, 2011). The technique is extremely rapid, non-destructive, involves 
minimal sample preparation, and is less expensive than conventional methods (Petisco et al., 2008). It is based on the selective ab-
sorption of electromagnetic radiation from 800 to 2500 nm in accordance with the characteristic vibrational frequencies of functional 
Abbreviations: SNV, standard normal variate; DT, detrending; CV, coefficient of variation; SEC, standard error of calibration; DM, dry matter; 
SECV, standard error of cross validation; R2, coefficient of determination; 1-VR, one minus variance ratio; SEL, standard error of lab; LV, latent 
variables; RPD, ratio performance deviation; SEP, standard error of prediction; PS, particle size; RM, residual moisture; SC, scatter corrections. 
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groups (De Boever et al., 1995). 
Shenk et al. (1981) first reported the use of NIRS for the analysis of minerals in forages. Subsequently, NIRS has been used to 
determine minerals in a range of agricultural products (McClure, 2003). However, these have produced contrasting results with low 
accuracy and precision. This was attributed to the absence of absorption bands for minerals in the near-infrared region (Shenk et al., 
1992). Moreover, it is not clear which mineral element can be determined using this technique and mineral determination varied 
among plant species (Murray and Cowe, 2004; Cozzolino et al., 2008). 
The determination of the nutritional composition of feed and forage samples using NIRS is based on developed calibration models. 
The accuracy of NIRS calibration models can be altered due to changes in sample moisture content (Baker et al., 1994; Dardenne et al., 
1995). Research has shown that, particle size (PS) variation has been reported to account for the greatest variation in spectral profile 
(Baker and Barnes, 1990) and calibration statistics (Lovett et al., 2005). Lovett et al. (2005) reported that reduced particle size of 1 mm 
relative to whole plants consistently improved calibration statistics for most of the parameters investigated. Similarly, it was reported 
that removal of residual moisture resulted in improved prediction of in vitro fermentability parameters (Baker et al., 1994). However, 
the impact of particle size and removal of residual moisture on calibration accuracy of minerals in forages is not known. Therefore, this 
study was conducted to assess effects of varying particle size and removal of residual moisture for the improvement of calibration and 
prediction accuracy of macro-minerals in three forage types using NIRS. 
2. Materials and methods 
2.1. Sample description, categorization, and preparation 
Three forage types, hay (n = 117), grass (n = 109) and haylage (n = 119), representative of those fed to horses from different 
locations in Ireland were used for this study. Forage production locations varied in soil characteristics (texture, organic matter, N 
content, and pH) and farm management with the primary aim of maximizing variability of the samples. 
Forage samples were categorized based on particle size (0.5 mm and 1 mm) and sample residual moisture content (dried and re- 
dried) into four sample combinations namely: 1 mm dried, 0.5 mm dried, 1 mm re-dried and 0.5 mm re-dried. The samples were dried 
at 105 ◦C in a fan oven (Genlab, MINO/75/F, U.K.) to a constant weight. Subsequently, samples were separated into two particle sizes 
(0.5 mm and 1 mm) by grinding through 0.5 mm and 1.0 mm screen in a Cyclotec mill (CT 293 Cyclotec, China). Cyclotec mill is an 
impeller mill in which an aluminium vacuum cleaner fan (impeller) grinds by firing samples at high speed against an abrasive surface. 
Subsequently, milled samples are forced through a screen (which is changeable depending on particle size of interest), channelled into 
a receiver jar and afterwards stored in polyethylene containers prior to initial scanning (William, 2008). 
After initial scanning of dried and stored samples at both 0.5 mm and 1.0 mm particles sizes, removal of the residual moisture was 
achieved by an additional oven drying (re-drying) of pre- scanned samples for 1 h at the original oven temperature (105 ◦C) and then 
cooled in the desiccator prior to re-scanning. 
2.2. NIRS acquisition of spectra data 
Forage samples were placed in a 50 mm diameter ring cup and scanned in reflectance mode at 2 nm intervals from 1100 to 2500 nm 
using a NIRS DS2500 model (Foss UK Ltd., Warrington, UK.). Spectra were recorded seven times, averaged and stored as the logarithm 
of reciprocal of reflectance (1/R). WinISI 4.0 software was used for spectral data collection, spectral processing, and calibration 
development. The samples were subsequently divided into calibration and validation sets for each forage type. 
2.3. Reference data acquisition 
Ground samples (0.5 g) were digested with 10 mL of concentrated nitric acid in an open vessel using a Digiblock digester (Labtech, 
ED36S model, Italy). Samples were cooled to room temperature, filtered, and made up to 100 mL with deionised water. The samples 
were stored at 4 ◦C until analysis. The samples were analysed for Ca, P, Mg, K, S and Na in duplicates using inductively coupled plasma 
optical emission spectrophotometer (ICP-OES 5100 Agilent, Malaysia) for computation of reference data. 
2.4. Calibration development and validation 
Development of calibration models was performed by modified partial least squares (MPLS) regression. To optimize the accuracy of 
calibration models, spectra pre-processing treatments such as standard normal variate (SNV), detrending (DT), combination of SNV 
and DT (SNV&DT) and None (log1/R) together with mathematical treatments (1,4,4,1; 2,4,4,1; 2,6,4,1; 3,5,5,1 and 2,4,4,2) were 
applied. Calibration models were assessed by cross-validation. This was applied to avoid overfitting. Cross validation statistics present 
a better estimation of the performance of calibrations than the calibration statistics (Shenk and Westerhaus, 1993). During 
cross-validation, the calibration set was divided into groups, using one group to check the results and the others to construct the 
calibration model. The best calibration model was selected for each mineral based on the lowest standard error of calibration (SEC), 
lowest standard error of cross validation (SECV) and highest one minus variance ratio (1-VR, which is an estimate of explained 
variance) (Stone, 1974; Rushing et al., 2016). 
Developed calibration models were validated by applying the models to an independent validation set. The predicted values were 
compared with the results obtained via standard laboratory analyses. The prediction capacity of developed models was assessed using 
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the standard error of prediction (SEP), bias, slope, and ratio performance deviation (RPD). The RPD parameter is defined as the 
relationship between the standard deviation (SD) of the chemical method for the collation of the reference data and SEP of the NIRS 
model (Chang et al., 2001). Three categories of RPD values have been reported: category A with a SD/SEP > 2.0 for good models, 
category B with SD/SEP between 1.4 and 2.0 for models that could be improved using different calibration strategies, and category C 
with SD/SEP < 1.4 for models that may not be reliable for prediction using NIRS (Chang et al., 2001). The lower the SEP, the more 
acceptable the calibration model. 
3. Results 
3.1. Mineral composition of forages 
All the forages analysed varied considerably in mineral composition as shown by the range and coefficient of variation (CV) 
(Table 1). The trend in variation within each forage type was similar for all the minerals analysed with Na resulting in the highest 
variability. In addition, K had the highest concentration in all the forages analysed, followed decreasingly by Ca, Na and P. 
3.2. NIRS spectra 
Visual examination of NIRS raw spectra revealed a clear distinction in spectra of hay (Fig. 1), grass (Fig. 2) and haylage (Fig. 3) 
samples for the four sample combinations. Particularly, for all the three forage categories, spectra showed lower absorption peaks 
around 1450 and 1940 nm at 1.0 mm re-dried and 0.5 mm re-dried. 
3.3. Calibration statistics 
Reduction of particle size from 1 mm to 0.5 mm resulted in slightly better statistics (increased 1-VR values) in hay samples for Ca 
(0.48 to 0.56) and P (0.27 to 0.36). In addition, higher R2 (> 0.8) was obtained for Ca and Na, but SECV was slightly higher in all 
minerals examined except for P (Table 2). Furthermore, re-drying of samples resulted in more satisfactory calibration statistics, R2 
(0.67− 0.8) and 1-VR (0.39 – 0.69) at 1 mm particle size for Ca, P and Mg in hay samples. 
Assessment of the calibration statistics for grass samples revealed that reduction in particle size only increased the R2 (0.58− 0.88) 
of Ca, K, S and Na but did not improve the other statistical parameters. Although, more satisfactory prediction of Mg, K, and Na were 
obtained when grass samples were re-dried at either 1 mm or 0.5 mm particle size (Table 3). 
In haylage samples, better statistics (increased 1-VR and reduced SECV) were obtained for P and K respectively) at 0.5 mm particle 
size. The effect of re-drying was comparable to that in hay samples as more satisfactory calibration statistics were obtained for P, Mg, S 
at 0.5 mm, Mg at 1 mm and at both particle sizes for Ca and Na (Table 4). 
3.4. Validation statistics 
In general, the most satisfactory prediction of minerals in hay was obtained at particle size of 0.5 mm for P, K, S (with re-dried 
samples) and Mg, Na (with dried samples) (Table 2), although, RPD<1.4 were obtained for all minerals with the exception of Mg. 
Evaluation of the lowest and highest RPD values (Ca:1.0–1.2, Mg:1.3− 1.4 and S:1.1–1.2) obtained from the four samples categories 
models showed slight improvement in prediction. However, R2 (< 0.5) was considerably low for all the minerals. 
The minerals in grass samples were predicted more satisfactorily compared with hay samples. P, Mg, K and S resulted in RPD values 
(>1.4) and R2 (0.6− 0.7), signifying good calibration models that could be improved by some other strategies. Improved prediction was 
observed on evaluation of the lowest and highest RPD values (P: 1.3–1.8, K: 1.4–1.6, Mg: 1.0–1.4, Ca: 0.7–1.1 and Na: 0.6− 0.9) 
obtained from each of the four prediction models for each mineral. 
In haylage samples, the validation statistics obtained revealed that reduction in particle size resulted in better prediction accuracy 
only for S and Mg (RPD values of 1.32 and 1.33, respectively). Assessment of the lowest and highest RPD values (Ca: 0.8–1.2, P: 
1.0–1.2, K: 1.1–1.3 and S: 1.0–1.3) obtained from the four samples categories models showed slight improvement in prediction. 
However, similar to the trend observed in hay samples, R2 (< 0.6) was low. Overall, those sample combinations leading to the lowest 
Table 1 
Statistical summary of the macro-mineral composition of hay, grass and haylage samples. SD, standard deviation; CV, coefficient of variation; (Ca, 
calcium; P, phosphorus; Mg, magnesium; S, sulphur; Na, sodium).  
Mineral 
(g kg− 1 DM) 
Hay (n = 117) Grass (n = 109) Haylage (n = 119) 
Mean Range CV(%) Mean Range CV(%) Mean Range CV (%) 
Ca 5.05 2.32− 12.57 37.81 5.71 4.08− 8.81 17.88 4.45 1.91− 10.26 28.28 
P 2.95 0.99− 6.24 35.78 3.31 2.04− 4.52 16.51 2.18 1.24− 3.32 22.02 
Mg 1.79 0.62− 3.93 40.45 1.71 1.13− 2.52 17.33 1.33 0.48− 2.68 33.54 
K 22.43 4.62− 48.88 40.07 25.74 10.00− 36.93 19.27 18.20 4.97− 32.07 25.67 
S 1.67 0.71− 3.43 31.80 2.21 1.28− 3.18 16.69 1.58 0.42− 3.26 30.75 
Na 1.65 0.04− 8.50 97.43 1.58 0.43− 5.32 56.35 1.50 0.02- 5.80 85.36  
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Fig. 1. NIRS spectra of hay samples at Log1/R and 2nd derivative of Log 1/R.  
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Fig. 2. NIRS spectra of grass samples at Log1/R and 2nd derivative of Log 1/R.  
A.Y. Ikoyi and B.A. Younge                                                                                                                                                                                         
Animal Feed Science and Technology 270 (2020) 114674
6
Fig. 3. NIRS spectra of haylage samples at Log1/R and 2nd derivative of Log 1/R.  
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SEP values and highest RPD values were selected for representation as the best fits (Figs. 4–6). 
3.5. Regression coefficients 
Regression coefficients of optimized prediction equations for the three forages show existence of many bands (Figs. 7–9). The 
figures reveal that regression coefficients were obtained from both positive and negative bands. 
4. Discussion 
4.1. Forage mineral composition and spectra 
Calibration sample set should be representative of the future samples to be analysed. Therefore, to enable the analysis of a wider 
range of mineral constituent using NIRS, sample sets with wide variation and large constituent range were used for this study. The 
variability in mineral composition among the forage types is due to variation in sample location and soil types. In addition, variability 
is higher because minerals are found in diverse forms in different plant species (Smith et al., 1991; Vazquez de Aldana et al., 1995). 
Distinctively, the wide variability obtained in Na concentration was also reported by Clark et al. (1987) within a single species and by 
Vazquez de Aldana et al. (2008) in a mixed grass species. This high variability could be attributed to differences in Na translocation to 
Table 2 
Summary of the best calibration and validation statistics for measurement of macro-minerals in hay samples. particle size (PS) in mm, residual 
moisture (RM), standard error of laboratory (SEL), standard error of calibration (SEC), standard error of cross-validation (SECV), one minus variance 
ratio (1-VR), latent variable (LV), coefficient of determination (R2), standard error of prediction (SEP), bias, slope and ratio performance deviation 
(RPD).  
Mineral 
Calibration statistics Validation statistics 
PS RM SEL SEC R2 SECV 1-VR LV PS RM R2 SEP Bias Slope RPD 
Ca 1.0 Re-dried 0.48 0.78 0.73 0.99 0.56 5 1.0 Re-dried 0.31 1.40 0.38 1.05 1.17 
P 1.0 Re-dried 0.18 0.54 0.67 0.73 0.39 2 0.5 Re-dried 0.30 0.85 0.16 1.09 1.18 
Mg 1.0 Re-dried 0.07 0.30 0.80 0.37 0.69 2 0.5 Dried 0.48 0.51 − 0.03 1.16 1.39 
K 1.0 Dried 2.87 4.37 0.69 5.40 0.51 2 0.5 Re-dried 0.41 5.72 − 1.78 0.76 1.21 
S 1.0 Dried 0.09 0.24 0.68 0.26 0.64 2 0.5 Re-dried 0.35 0.43 0.07 1.03 1.24 
Na 0.5 Re-dried 0.07 0.57 0.68 0.76 0.44 8 0.5 Dried 0.31 1.27 0.17 1.06 1.20  
Table 3 
Summary of the best calibration and validation statistics for measurement of macro-minerals in grass samples. particle size (PS) in mm, residual 
moisture (RM), standard error of laboratory (SEL), standard error of calibration (SEC), standard error of cross-validation (SECV), one minus variance 
ratio (1-VR), latent variable (LV), coefficient of determination (R2), standard error of prediction (SEP), bias, slope and ratio performance deviation 
(RPD).  
Mineral 
Calibration statistics Validation statistics 
PS RM SEL SEC R2 SECV 1-VR LV PS RM R2 SEP Bias Slope RPD 
Ca 1.0 Dried 0.23 0.64 0.59 0.74 0.45 4 1.0 Dried 0.24 0.82 0.19 0.63 1.07 
P 1.0 Dried 0.08 0.15 0.92 0.26 0.77 2 1.0 Re-dried 0.68 0.30 0.03 1.04 1.79 
Mg 1.0 Re-dried 0.08 0.18 0.66 0.24 0.35 5 0.5 Re-dried 0.46 0.21 0.01 1.00 1.37 
K 0.5 Re-dried 0.88 1.53 0.92 2.58 0.77 7 1.0 Dried 0.61 2.76 − 0.01 0.86 1.58 
S 1.0 Dried 0.12 0.24 0.62 0.25 0.59 2 1.0 Re-dried 0.52 0.23 0.03 0.89 1.43 
Na 1.0 Re-dried 0.07 0.56 0.68 0.82 0.29 2 1.0 Dried 0.03 0.75 − 0.07 0.27 0.94  
Table 4 
Summary of the best calibration and validation statistics for measurement of macro-minerals in haylage samples. particle size (PS) in mm, residual 
moisture (RM), standard error of laboratory (SEL), standard error of calibration (SEC), standard error of cross-validation (SECV), one minus variance 
ratio (1-VR), latent variable (LV), coefficient of determination (R2), standard error of prediction (SEP), bias, slope and ratio performance deviation 
(RPD).  
Mineral 
Calibration and cross validation statistics Validation statistics 
PS RM SEL SEC R2 SECV 1-VR LV PS RM R2 SEP Bias Slope RPD 
Ca 0.5 Re-dried 1.48 0.55 0.81 0.95 0.40 7 0.5 Dried 0.10 1.07 − 0.15 0.71 1.05 
P 0.5 Re-dried 0.45 0.23 0.75 0.32 0.49 1 1.0 Re-dried 0.26 0.40 − 0.09 0.94 1.15 
Mg 0.5 Re-dried 0.27 0.18 0.82 0.26 0.58 5 1.0 Re-dried 0.35 0.39 0.11 1.05 1.21 
K 0.5 Dried 3.97 2.39 0.76 3.09 0.60 5 0.5 Re-dried 0.56 3.02 1.03 0.74 1.33 
S 1.0 Dried 0.55 0.30 0.56 0.30 0.53 5 0.5 Dried 0.43 0.35 0.06 1.08 1.32 
Na 0.5 Re-dried 1.05 0.66 0.76 1.11 0.32 1 1.0 Dried 0.14 1.12 0.08 1.21 1.08  
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different plant structures and probably lack of correlation between Na and organic functional groups sensed by NIRS (Subbarao et al., 
2003). Overall, the amount and variability in mineral concentration were typical of grassland samples of the region and were 
considered suitable for developing NIRS calibration for these minerals. 
Visually observable reduced absorption peaks at 1450 nm and 1950 nm in the raw spectra of the re-dried forages are O–H bands 
synonymous to moisture loss. 
Fig. 4. Comparison of laboratory reference values with NIRS predicted values from the best validation statistics for (a) Ca, (b) P, (c) Mg, (d) K, (e) S 
and (f) Na in hay samples. 
Fig. 5. Comparison of laboratory reference values with NIRS predicted values from the best validation statistics for (a) Ca, (b) P, (c) Mg, (d) K, (e) S 
and (f) Na in grass samples. 
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4.2. Impact of varying particle size on accuracy of prediction of minerals 
Particle size is considered in development of a calibration model because of its influence on the NIRS spectra (Workman, 2008). 
Previous research has shown that the reflected radiation from a sample, termed diffuse reflection is affected by particle size of the 
sample (Walker, 2010) and variation in particle size accounted for up to 90 % of the variation in the spectral profile (Baker and Barnes, 
1990). In the present study, there was an improvement in the calibration statistics for hay samples when the particle size was 0.5 mm 
for Ca, P, Mg, and Na. This could be attributed to less spectral noise caused by particle size. Barnes et al. (1989) reported changes in 
Fig. 6. Comparison of laboratory reference values with NIRS predicted values from the best validation statistics for (a) Ca, (b) P, (c) Mg, (d) K, (e) S 
and (f) Na in haylage samples. 
Fig. 7. Regression coefficients of (a) Ca, (b) P, (c) Mg, (d) K, (e) S, (f) Na equations for hay samples with the best validation statistics.  
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surface scattering and path length of radiation due to particle size differences between identical compounds, while Ely et al. (2008) 
observed changes in the slope of the NIR spectra. The findings of this study are consistent with that of Lovett et al. (2005) who reported 
that reduced particle size consistently reduced model statistics, as samples ground to pass 1 mm screen provided the lowest SEC and/or 
SECV statistics for most of the parameters investigated. The researchers reported reduced NIRS predictions accuracy for whole silage 
samples relative to the milled samples (Lovett et al., 2005). The findings of this study are also consistent with the earlier work by 
Dardenne et al. (1995), Gordon et al. (1998) and Ikoyi and Younge (2019) for a variety of forages. However, a contrasting trend was 
observed in calibrations statistics for grass as better calibrations were obtained for most macro-minerals at particle size of 1 mm. The 
reason for this is not quite clear, but this suggests that there could be differences in the particle distribution for different materials when 
ground (William, 2008) which resulted in the lack of improvement at the particle size of 0.5 mm for grass. 
Fig. 8. Regression coefficients of (a) Ca, (b) P, (c) Mg, (d) K, (e) S, (f) Na equations for grass samples with the best validation statistics.  
Fig. 9. Regression coefficients of (a) Ca, (b) P, (c) Mg, (d) K, (e) S, (f) Na equations for haylage samples with the best validation statistics.  
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Across the three forage types, SNV correction and/or DT seemed to be the best spectra pre-processing treatment for the best 
calibration models developed. (Duckworth, 2004; Kidane, 2005). One unanticipated finding was that some of the best calibration 
models selected for a specific treatment performed better when no spectra pre-processing treatment (None) was applied. The reason for 
this is not quite clear. It has however been reported that scatter corrections for particle size might not on all occasions improve ac-
curacy of NIRS analysis as none of the pre-treatment procedures excellently removes particle size effects independent of absorption 
information (Shenk et al., 2008). In addition, particle size might yield useful information in the calibration. The mean particle size and 
distribution might be an indirect measure of plant chemistry because of interaction of the various plant structures, such as stems and 
leaves with drying and grinding regimes (Shenk et al., 2008). 
The R2 obtained for calibration development in this study were substantially higher when compared with the I-VR obtained after 
cross validation. Studies have shown that R2 may not be an entirely suitable indicator for the evaluation of NIRS models of minerals as 
NIRS is not directly measuring the minerals (Huang et al., 2009). This is particularly noticeable in grass for Ca (R2 = 0.81; 1-VR = 0.4) 
and Na (R2 = 0.76; 1-VR = 0.32). 
4.3. Impact of residual moisture removal on accuracy of prediction of minerals 
The improvement in the calibration model observed for the prediction of Ca, P, Mg, and Na when samples were re-dried might be 
due to the effect of re-drying on the organic compound the minerals are indirectly linked to. This is likely possible if the organic 
compounds are also linked to the O–H bonds (moisture) (Cozzolino et al., 2008). It has been reported that the presence or absence of 
moisture within a solid or powdered sample influences the extent of hydrogen bonding within the sample which affects both band 
position and width (Workman, 2008). A similar trend of improvement observed in calibration models for hay samples was also 
observed in haylage samples (for prediction of Ca, P, Mg, K and Na) and grass samples (for Mg, K and S predictions) (Table 2). These 
results corroborate the finding of Workman, 2008Workman (2008) who reported remarkable changes in the NIR region as a result of 
changes in hydrogen bonding when the spectrum of two agricultural products (forage and corn grain samples) were obtained before 
and after drying. Furthermore, previous studies have demonstrated that the accuracy of NIRS predictive models can be altered due to 
changes in sample moisture content (Baker et al., 1994). It was reported that when predicting in vitro fermentability parameters, 
removal of residual moisture resulted in lower SEC and SECV in calibration statistics (Baker et al., 1994). In another study, it was 
reported that digestibility calibrations were sensitive to residual moisture in samples (Baker et al., 1994; Griggs et al., 1999). 
Therefore, the procedures of removing of residual moisture through additional oven drying (Givens et al., 1991) was developed. The 
findings of this study confirm that dried forage samples stored in airtight containers also reabsorb moisture from the atmosphere over a 
period of time. 
4.4. Regression coefficients 
Variability in the coefficient distribution was observed among the forages for prediction of minerals. Wavelengths with large values 
(positive or negative) values are more important than those of small values. Although, the goal is to find the most correlated wave-
length which confirms the predicted mineral, coefficients with uniform distribution across the wavelength range can signify more 
robust equation which are independent on distinct wavelength (Huang et al., 2009). Despite this fact, it is generally challenging to 
assign wavelengths to minerals as NIRS spectra are affected by variation in hydrogen bonding between minerals and associated organic 
compounds (Cozzolino et al., 2011). Variation in wavelength for specific minerals obtained in this study agree with those obtained by 
Ruano-Ramos et al. (1999) who reported several wavelengths for Ca, P, Mg and K in grasses, legumes, and forbs. 
The observed effect of particle size variation and removal of residual moisture did not follow the same trend among the three forage 
types. The less reliable predictions of minerals obtained for hay and haylage samples might be attributed to the increased heterogeneity 
in the mineral composition compared to that of grass samples (Vazquez de Aldana et al., 2008). Huang et al. (2009) reported that larger 
variation in the composition of mineral would increase the variation in ionic form and less in organic complexes. 
5. Conclusions 
This study has shown that sample preparation and presentation play important roles on the accuracy of NIRS calibration models. It 
also showed that milling forage samples to particle size of 0.5 mm and re-drying samples to remove residual moisture improved the 
calibration statistics for most of the minerals. However, re-drying might result in additional time and financial cost. Therefore, we 
recommend that samples be dried, milled and scanned immediately prior to storage. Storage of samples even in ‘airtight’ containers 
might result in the re-absorption of moisture from the environment, which might alter NIRS reading except samples are re-dried. 
CRediT authorship contribution statement 
A.Y. Ikoyi: Conceptualization, Methodology, Formal analysis, Software, Data curation, Writing - original draft, Visualization, 
Investigation, Writing - review & editing. B.A. Younge: Conceptualization, Methodology, Visualization, Supervision, Writing - review 
& editing. 
A.Y. Ikoyi and B.A. Younge                                                                                                                                                                                         
Animal Feed Science and Technology 270 (2020) 114674
12
Declaration of Competing Interest 
The authors report no declarations of interest. 
Acknowledgments 
This study was conducted at the Department of Biological Science, University of Limerick, Ireland. The authors thank Caoimhe 
Delaney, Jane Darcy and Prof. Tom Buckley at the Irish Equine Centre, Ireland for providing the forage samples for this study. Funding 
gratefully received from Maggie Bryant Equine Nutrition Fund. 
References 
Baker, C.W., Barnes, R.J., 1990. The application of near infrared reflectance spectroscopy to forage evaluation in ADAS. In: Wiseman, J., Cole, D.J.A. (Eds.), Feedstuffs 
Evaluation. Nottingham Easter School in Agricultural Science No 50, 1989. Butterworths, London, UK, pp. 337–351. 
Baker, C.W., Givens, D.I., Deaville, E.R., 1994. Prediction of organic matter digestibility in vivo of grass silage by near infrared reflectance spectroscopy: effect of 
calibration method, residual moisture and particle size. Anim. Feed Sci. Technol. 50, 17–26. 
Barnes, R.J., Dhanoa, M.S., Lister, S.J., 1989. Standard normal variate transformation and de-trending of near-infrared diffuse reflectance spectra. Appl. Spectrosc. 43, 
772–777. 
Chang, C.W., Laird, D.A., Mausbach, M.J., Hurburgh Jr, C.R., 2001. Near infrared reflectance spectroscopy - principal components regression analysis of soil 
properties. Soil Sci. Soc. Am. J. 65, 480–490. 
Clark, D.H., Mayland, H.F., Lamb, R.C., 1987. Mineral analysis of forages with near infrared reflectance spectroscopy. Agron. J. 79, 485–490. 
Cozzolino, D., Cynkar, W., Janik, L., Dambergs, R.G., Gishen, M., 2006. Analysis of grape and wine by near infrared spectroscopy – a review. J. Near Infrared Spectros. 
14, 279–289. 
Cozzolino, D., Kwiatkowski, M.J., Cynkar, W.U., Dambergs, R.G., Janik, L., Skouroumounis, G., Gishen, M., 2008. Analysis of elements in wine using near infrared 
spectroscopy and partial least squares regression. Talanta 74, 711–716. 
Cozzolino, D., Cynkar, W., Shah, N., Smith, P., 2011. Quantitative analysis of minerals and electric conductivity of red grape homogenates by near infrared reflectance 
spectroscopy. Comput. Electron. Agric. 77, 81–85. 
Dardenne, P., Sinnaeve, G., Bollen, L., Biston, R., 1995. Reduction of wet chemistry for NIR calibrations. In: Batten, G.D., Flinn, P.C., Walsh, L.A., Blackeny, A.B. 
(Eds.), Leaping Ahead with Near Infrared Spectroscopy. Royal Australia Chemical Institute, Melbourne, Australia, pp. 154–160. 
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